Flooding in urban areas represents a particular challenge to modellers and flood risk managers because of the complex interactions of surface and sewer flows. Quantified flood risk estimates provide a common metric that can be used to compare risks from different sources. In situations where there are several organisations responsible for flood risk management we wish to be able to disaggregate the total risk and attribute it to different components in the system and/or agents with responsibility for risk reduction in order to target management actions. Two approaches to risk attribution are discussed: Standards-based attribution, which is a deterministic approach, based upon the performance of different engineering components in the system at their "design standard". Sensitivity-based attribution, which apportions risk between the variables that influence the total flood risk.
INTRODUCTION
Assessment of the risk of river and coastal flooding is now becoming routine at a range of scales from national assessment through to reaches or coastal sub-cells and site-specific design (Hall et al. 2003a; Dawson et al. 2005; Dawson & Hall 2006) . properties at risk of sewer flooding from a 1 in 10 year event (OFWAT 2002) and on average 5,000 -7,000 properties (equating to ,0.1% of the total number in England and Wales) are reported to be flooded each year by sewers, although this number may be under-reported (NAO 2004) .
Of the 11,000 properties flooded in autumn 2000 in the UK, 83% were outside coastal and fluvial floodplains, suggesting that flooding was caused by local pluvial events, sewer flooding or groundwater. 14% (,1,400 homes) of these were flooded with sewage (Environment Agency 2001), with disproportionately harmful effects. Even more damaging floods in the UK in the summer of 2007 have highlighted the vulnerability of the UK to urban flooding (Pitt 2008 ). An individual property is much more likely to experience repeated pluvial inundation than fluvial or coastal inundation (House of Lords 2003) and indeed the design standard of urban drainage systems is usually much lower than fluvial or coastal protection (typically 3-4% compared to 0.5 -1% annual probabilities) (Balmforth et al. 2006) . Mitigating urban flood risk can cost as much as ten times more than fluvial flooding (Green & Wilson 2004) , and the ABI (2004) estimate the cost per property of urban flood risk mitigation as being , £5k -8 k. However, the expected annual damages from urban flooding are estimated at £0.27bn (which compares to £0.6-2.1bn for fluvial and coastal flooding). Hall et al. (2005) and Evans et al. (2004) estimate this could be as much as £2 -15bn by 2080 (compared to £1.5-20bn for fluvial and coastal flooding).
Severe flooding in urban areas in the UK in autumn 2000 acted as a stimulus to the development of more integrated approaches to urban flood risk management. This initiative has been given renewed impetus by the summer of 2007 floods and the influential "lessons learnt" report by Sir Michael Pitt (Pitt 2008) . Ownership and responsibility for urban infrastructure continues to be in the hands of a variety of public and private actors, but DEFRA, the government department with lead responsibility for flooding, is promoting a more integrated approach to urban flood risk management (DEFRA et al. 2005) in which the various organisations with a role in urban flooding work together to understand the processes offlooding and develop integrated solutions that tackle flooding in an efficient way. The Environment Agency, which has operational responsibility for river and coastal flooding in the UK, will in future also take strategic overview of flooding in urban areas. Integrated solutions may involve a number of measures, for example infrastructure investments and spatial planning regulations, which are designed together to achieve the desired level of risk reduction. Although the organisational context differs in many countries, the challenge of addressing integrated urban flood risk analysis has been identified in the USA (Rangarajan 2005) and elsewhere (Andjelkovic 2001) .
There is potential to support these institutional initiatives with a new generation of flood modelling tools that can simulate the effects of sewer and surface flows (Mark & Figure 1 | Key features of an integrated urban drainage system. Djordjevic 2006) . Flood simulations can act as a vehicle for collective learning about system performance by various stakeholders in IUFRM. However, for this to be achieved a transformation of the standard approach to urban drainage modelling is necessary. In the past modelling systems were designed and used with the prime objective of sewer design to a certain standard and little consideration of the hydrodynamics of situations that exceeded that standard. A risk-based approach, in contrast, involves consideration of a wide range of loading conditions, including conditions that exceed the design standard and lead to extensive surface flooding (Hall et al. 2003b) . A precondition for this transformation is the development of core concepts for a framework for unified systems-based flood risk analysis:
1. Risk is a "common currency", which can be used to compare risks from different sources on a common basis.
2.
Risk is a multi-dimensional measure and needs to include all losses (and gains) including social, environmental and economic. These may be accounted for implicitly, for example through economic valuation, or explicitly, through multi-attribute measures.
3. Spatial and temporal profiles of this multi-attribute measure of risk need to be constructed to support broad scale and long term planning.
Attribution of risk
In a situation where there are several organisations responsible for risk management we wish to be able to disaggregate the total risk and attribute it to different components in the system and/or agents with responsibility for risk reduction. This paper expands upon these principles by, in the following section, setting out the theoretical framework for risk calculation and then in the susequent section by presenting alternative approaches to risk attribution.
A synthetic example of urban flooding is then established in the following next section and next standards-based and variance-based attribution methods are applied. An example is also provided of analysis of sensitivity to pipe blockage. The paper's conclusions are given in a final section.
FORMULATION OF THE RISK PROBLEM
Consider a system that is described by a vector of loading variables S and a vector of variables that describe the urban flood management infrastructure system R. We write all of the basic variables as X ¼ (S,R). The resistance variables R might include the height or other dimensions of dykes, the dimensions of surface water courses or the dimensions of the sewer system. Their variation might be continuous (e.g. a height variable) or discrete (e.g. a "blocked" or "not blocked" descriptor of a pipe). We use capital notation (e.g. X) to denote a random variable and lower case (e.g. x) to denote a given fixed value of that variable.
The variability in the loading and resistance is described by a joint probability distribution r(x):x $ 0. We may often be able to assume that many of the variables in R are statistically independent and we will often assume that S and R are independent. There is a damage function e(x), where the units of e are £ (British pounds) or some suitable currency, which gives the flood damage in the systems for a given vector x that completely describes the system state. For many states of the system e(x) ¼ 0. Indeed we only expect e(x) . 0 when S is large or when there are some inadequacies in system design or some failure, for example due to deterioration or blockage.
The risk r associated with the system is
The temporal dimension of this risk estimate is implicit in r(x), so when, for example, r(x) measures annual probability then r is an expected annual damage (EAD).
One version of this problem is a system of fluvial flood defences alongside a river with discharge probability distribution r(q) and a series system of dykes with n dyke sections, each of which may be in a "breached" or "not breached" state, so there are 2 n dyke system states, c j :j ¼ 1,…2 n . Given a flow q and a dyke state c j there is a damage function e(q,c j ), i.e. in this case we calculate damage on the basis of two variables, the discharge Q and the indicator of the dyke state. Obviously damage will be least when c j indicates that all of the dyke sections are in the "not breached" state and in this case will be zero unless q is sufficiently large for the water level to exceed the crest level of one or more of the dyke sections. The total flood risk, in terms of EAD, is therefore given by
where by definition X 2n j¼1 Pðc j jqÞ ¼ 1 and 
RISK ATTRIBUTION
We have introduced risk attribution as the process of calculating the relative contribution towards risk from different flooding sources and components of flooding pathways, including infrastructure components. Risk attribution provides essential information for a number of IUFRM purposes: 3. Asset management. Given limited resources, an organisation with responsibility for management of flood defence or drainage infrastructure should rationally invest those resources so that they can maximise impact in terms of risk reduction. Within a specified set of system components we therefore wish to identify those components that contribute most to risk, and to compare potential measures to reduce risk with the cost of implementing those measures in order to develop an optimum intervention strategy. A secondary problem is to target monitoring strategies so that resources are invested in data acquisition that makes the greatest contribution to reducing uncertainty.
It is possible to devise a number of approaches to risk attribution:
1. Standards-based attribution quantifies the performance of different engineering components in the system at their "design standard".
2. Sensitivity-based attribution apportions risk between the system variables that influence the total flood risk on the basis of estimates of actual or potential variation.
3. Source attribution uses hydrodynamic particle tracking methods to understand the sources of water that result in flood damage.
Standards-based attribution
Consider an organisation with responsibility for urban drainage (hereafter referred to as a UDO), providing a specified level of service to discharge rainfall events up to return period T s . If the system floods in any rainfall event with return period T 0 s # T s , then the flood damage is the responsibility of the UDO as they have not fulfilled the standard to which they are committed. If the system floods only in events for which T . T s then the damage is not the responsibility of the UDO. However, if the system has capacity T 0 s # T s , and an event with return period T . T s occurs, then a proportion of the damages is the responsibility of the UDO. A flood model can be used to estimate the damage e(l T ) given rainfall l T with return period T. By definition e(l T ) ¼ 0 when T # T 0 s . Therefore the expected damage attributable to the UDO, r UDO , given a probability density r(l) of rainfall is
This may be extended further to consider the situation in which, due to blockage or some other sewer failure, which we now write as F nþ1 :
However, n may be very large and estimation of P(F j ):j ¼ 1,…n can be difficult for sewer systems and so application of Equation (4) is likely to be limited.
Sensitivity-based attribution
An intuitive measure of influence or sensitivity is the extent to which variation in a factor of interest (or a set of factors) has on a system performance, in our case flood risk r. This is the classical sensitivity analysis problem to which there are a number of more or less well known solutions (Saltelli et al. 2000) . Sensitivity-based attribution in particular helps to identify those variables in the system that might be most influential in risk reduction. It can also, incidentally, help to identify uncertain variables that should be the target for data collection in order to improve the accuracy of flood risk estimates. However, there are other variables that may, for practical reasons, be known precisely (to within some tolerance), e.g. pipe diameter, but we nonetheless wish to understand the potential for risk reduction by changing the value of such a variable. Under these circumstances we have to specify a range of potential variation and corresponding probability distribution.
Here we briefly consider the sensitivity techniques applied later in the case study. A full review of these and other sensitivity measures in hydraulic engineering is provided by Hall et al. (in review) . In all cases we consider a numerical model, f, with k inputs, X 1 ,…X k , which we shall refer to as "input factors", and a scalar output D:D ¼ f(X 1 , … ,X k ). As previously, we use capital notation (e.g. D) to denote a random variable and lower case (e.g. d)
to denote a given fixed value of that variable.
Linear regression
For a linear model, the linear regression coefficients between input and output provide natural sensitivity indices such that the model can be approximated by the form
where b 0 is a constant and b i are fixed regression coefficients. The linear regression coefficients will usually have dimensions but can be standardized so that
whereD ¼ ðD 2 mDÞ=ðsDÞ,X i ¼ 
where m is the number of model simulations, can also be calculated using a rank transformation method so the regression analysis is based on the strength of a monotonic relationship between the variables using the normal regression procedures (Helton & Davis 2000) .
Variance-based attribution methods
Equation (1) shows that risk is a probability weighted integral of damage. If X is a vector random variable then e(X) is also a random variable D ¼ e(X) with some variance, whilst the mean value is the risk. A natural sensitivity measure is the amount by which the variance in D would be reduced if one or more of X i were fixed at some value. This is the basis for variance-based sensitivity analysis (VBSA) (Saltelli et al. 2000) .
The variance V can be decomposed into contributions from each of the input factors acting on their own or in increasingly high order interactions (Sobol' 1993; Saltelli et al. 1999) :
where
and so on. It is worth noting that for linear models b 2 i ¼ S i . Also of interest is the influence of factor X i when acting in combination with other factors. There are 2 k -1 of such interactions, so it is usually impractical to estimate the effect of all of them. A more practical approach is to estimate the k total sensitivity indices, S Ti , where (Homma & Saltelli 1996) 
where X ,i denotes all of the factors other than X i . The total sensitivity index therefore represents the average variance that would remain as long as X i stays unknown. 
RISK ANALYSIS FOR AN URBAN DRAINAGE SYSTEM
The flood risk calculation A synthetic integrated urban drainage system that has been parametrised such that it represents a realistic, albeit small, system has been established to demonstrate the risk analysis ponents. It is important to note that the risk attribution methodology is not tied to the specific model components used in this study and will be suited to any system of models and methodologies that calculates flood damage according to any metric(s) of interest.
Statistical properties of rainfall data from a site in the UK were extracted using methods described by Burton et al. (2004) to identify design storm total rainfall and intensities for different return periods. The 50% summer storm profile, as recommended by the Wallingford Procedure in the design of urban drainage systems (Butler & Davis 2004) , was used.
The semi-distributed Arno model of Todini (1996) was used to simulate the hydrology of the upstream catchment and generate realistic response times and flow rates in the river for given rainfall events. The output of the model is a time-varying hydrograph at the upstream end of the river (the most southwest node in Figure 3 ). The upstream catchment was sufficiently small, 50 km 2 , that spatial variability in rainfall need not be considered and its runoff characteristics were selected (within the ranges of realistic values recommended by Todini (1996) ) so that, under many 
IMPLEMENTATION OF RISK ATTRIBUTION METHODS

Standards-based attribution
First we consider two different standards, of 10 and 50 yr, for the urban system and fluvial flood defence systems, respectively, and no infrastructure failure, i.e. Equation (3). Table 2 shows the damage calculated when considering predominantly river or rainfall flooding. It is clear that some damage occurs due to both sewer and river flooding at conditions below the design standard of the two systems. Applying Equation (3), the total risk attributed to the fluvial defence organisation (FDO) is £680 k and the risk attributed to the urban drainage organisation (UDO) is £1,080 k. 
Sensitivity-based attribution
The steps to implementing the variance-based sensitivity method described earlier are:
1. Identify the components in the urban drainage system (and associated model parameters) to which risk is to be attributed.
2. Identify the range of variation for each parameter.
3. Sample a range of values for each parameter.
4. Run the flood model for each sample and calculate the corresponding damage.
5. Analyse the sensitivity of the system to each parameter and attribute the risk accordingly.
Six key system variables were chosen for analysis (sewer pipe diameter, impermeable area, river width, rainfall duration, total rainfall, river flow rate). The distributions of pipe diameter, impermeable area and river width are given in Table 3 , whilst the rainfall duration, total rainfall and river flow rate were obtained as described previously, with estimated rank correlation coefficients given in Table 4 .
Both the methods of Sobol' (1993) for independent quasirandom samples and also replicated Latin Hypercube Sampling (rLHS) with correlated inputs were employed.
Rainfall and river flow are obviously correlated so the rLHS method is the appropriate one, but has the disadvantage of not yielding total sensitivity indices (Equation (11)). Though the assumption of independence in the method of Sobol'
(1993) is not tenable, it can still provide some useful insights so the results are reported here. The rLHS sample was generated by applying the method of Conover & Iman (1981) . The calculation of the sensitivity indices using rLHS and the method of Sobol' is discussed elsewhere (Saltelli et al. 2000) so is not repeated here. For both the method of Sobol' and the rLHS importance measures ,2,000 simulations were required to generate stable estimates of sensitivity. The outputs of the different methods are summarised in Table 5 These results show that all three methods attribute the highest proportion of the risk to the event duration, peak rainfall and pipe diameter-but by differing amounts and quantities. For the linear regression, the coefficient of determination, R 2 ¼ 0.17, is significantly lower than the 0.7 minimum requirement suggested by Saltelli et al. (2005) for the method to be valid. This means that the analysis explains only 17% of the variation in total damage.
Implementing the rank transformation gave the lower value of R 2 ¼ 0.07 because the flood damage is a highly skewed function, as the most likely events generate little or no damage. The first-order indices, shown in Table 5 , calculated by the rLHS method explain only 29% of the total variance. Though the total indices from the method of Sobol' should be treated with care, they illustrate that the same variables that dominate the first-order indices (event duration, peak rainfall and pipe diameter) are also most actively involved in the interaction. 
Blockages in the urban drainage system
Given the significance of the sewer system in determining flood risk, analysis was conducted to identify the most critical pipes in the sewer network. This problem belongs to the class of discrete systems reliability problems that have been studied extensively elsewhere (Van der Borst & Schoonakker 2001; Hartford & Baecher 2004) . Even for a system of this size, it is impractical to simulate 2 n pipe blockage combinations (n is the number of pipes, in this case n ¼ 18) so only single blockages were considered. The seven pipes that, when blocked, lead to the greatest increase in flood damages for the design standard (1 in 10 yr event) of the sewer system were selected for further analysis. When considering asset management decisions, it is important to recognise that parameters such as pipe size (i.e. not parameters such as rainfall statistics which an urban flood risk manager has no control over) are essentially decision variables. Sensitivity to these decision variables indicates that the urban flood engineer is (at a cost) able to modify the system in order to reduce risk. However, the approach relies on appropriate specification of the potential range of variation of decision variables, and that range will be influenced by cost considerations.
Only 50% of sewer floods in the UK are attributable only to exceedance of sewer capacity: approximately 40% are associated with a blockage, and the remainder associated with some other type of failure (CIRIA 1997; NAO 2004) . This paper has demonstrated a method for blockages analysis that identifies those components that contribute most to flood risk when blocked, therein providing a rational method for prioritising asset improvement schemes.
This type of analysis can be combined with methods to identify those pipes most likely to block or fail.
The computational expense of the methods proposed are considerable, even for the rather small system reported here.
In practice, urban flooding systems involve tens of thousands of variables. The only feasible approach to tackling this problem is therefore by hierarchical simplification of the system, with the attribution analysis being applied at several levels, with initial screening to identify the most important variables. The approach demonstrated here for analysing blockages is an example of how this could be achieved.
